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1. Introduction

Anomaly Detection on Tabular Data
● Goal: Identify rare or abnormal instances that deviate from an underlying notion of normality
● Challenge:

o Tabular heterogeneous data with non-trivial cross-field dependencies 
o Standard tabular AD pipelines assume fully structured features or rely on heavy feature engineering

● Using LLMs: 
o How: Operate on a serialized representation of each row; exploit semantics of categorical values and raw 

text with minimal preprocessing
o Challenge: Tabular invariances, tokenizer-induced distortions, calibrated likelihood-based scores

AnoLLM (ICLR 2025)
● Serialize each row into a text template; discretize numerical values into bins; fine-tune on normal data via next-
token prediction.
● Inference: score anomalies using negative log-likelihood.
● Limitation: One-shot SFT-style adaptation — weak signal for tightening the boundary of normality; performance 
plateaus on subtle, near-normal anomalies.
● Motivation: Reduce mismatch between the model-induced distribution and the true normal-data distribution.
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1. Introduction

Self-Play and 𝒇-Divergence
● Self-play: Principled route to iterative refinement — contrast real data with the model's own generations via a 
discriminator-like objective; learning signal without additional annotations.
● Tabular AD: Critic distinguishes real normal samples from model-generated ones; policy updated so future 
generations better match the normal-data distribution.
● Extension: Broader family of f-divergences beyond SPIN's IPM-like divergence → useful when the geometry of 
the normal data manifold varies across domains.

Our Approach: DiSPaT
● DiSPaT: Divergence-driven Self-Play framework for unsupervised Tabular anomaly detection with LLMs.
● Formulation: Each mixed-type row is a serialized token sequence refined through an adversarial self-play game.
● Objective:  Minimize the f-divergence between the empirical distribution of normal data and the model-induced 
distribution.
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2. Background: AnoLLM — Training
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2. Background: AnoLLM — Inference
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3. Methodology

9



3. Methodology

10



3. Methodology

11



Content

1. Introduction
2. Background
3. Methodology
4. Experiments
5. Conclusion

12



4. Experiments

Datasets
● 6 mixed-type: Fakejob, Lymphography, Seismic,

Vehicle insurance, 20 Newsgroups, Ecoli
● 30 numerical (ODDS library) — Appendix

Backbone LLMs
● SmolLM-135M   ● SmolLM-360M   ● SmolLM-1.7B

Evaluation
● 50% normal for training;  rest + anomalies for test
● Metrics: AUC-ROC, F1, AUC-PR Score
● Inference: r = 21 permutations

Baselines
Classical (4)
IForest · PCA · kNN · ECOD

Deep Learning (8)
DeepSVDD · RCA · SLAD · GOAD
NeuTral · ICL · DTE · REPEN

LLM-based (1)
AnoLLM 

Recent SOTA — Appendix (5)
MCM · NPT-AD · DRL · LLM-DAS · CausalTAD
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4. Experiments
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Table 1. Detailed AUC-ROC scores (%) comparing DiSPaT against baselines on the six-dataset benchmark.



4. Experiments

Table 2. Detailed F1 scores (%) comparing DiSPaT against baselines on the six-dataset benchmark.
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4. Experiments

Table 3. Detailed AUC-PR scores (%) comparing DiSPaT against baselines on the six-dataset benchmark.
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4. Experiments

Figure 1. DiSPaT across self-play iterations on four datasets using SmolLM-135M. SFT indicates initial model, 
and iter-k refers to model after k iterations of training.
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4. Experiments

Figure 2. Effect of clamping threshold ϵ on three datasets usingSmolLM-360M.
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4. Experiments

Table 4. Performance comparison of SmolLM-135M with different 𝑓-divergence choices across datasets.
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4. Experiments

Table 5. Training time and total FLOPs of AnoLLM and DiSPaT on six datasets using SmolLM-135M on a single 
NVIDIA A40 48GB GPU. Training time is reported in minutes.
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4. Experiments

Table 6. Comparison with SPIN in the standard alignment setting. We fine-tune Qwen1.5-1.8B on 50000 
UltraChat200k prompts and evaluate on HuggingFace Open LLM Leaderboard benchmarks. Results are reported 

as mean and standard deviation.

21



4. Experiments

Table 7. Detailed AUC-ROC scores comparing DiSPaT against baselines over 30 datasets in ODDS. The best and second-best 
results in each row are indicated in red and blue, respectively.
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4. Experiments

Table 8. Detailed F1 scores comparing DiSPaT against baselines over 30 datasets in ODDS. The best and second-best results in 
each row are indicated in red and blue, respectively.
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4. Experiments

Table 9. Detailed AUC-PR scores comparing DiSPaT against baselines over 30 datasets in ODDS. The best and second-best 
results in each row are indicated in red and blue, respectively.
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5. Conclusion

DiSPaT: Divergence-driven Self-Play for Tabular Anomaly Detection
● Unsupervised tabular anomaly detection with LLMs.
● Iterative 𝒇 -divergence minimization — synthetic pseudo-anomalies at each iteration.
● Discriminative signal absent in one-shot fine-tuning → tighter description of normality.

Three Contributions
① Theory: Minimise 𝒇-divergence between normal data distribution and model's generations; tight 
variational approximation to the 𝑓-divergence between real and model-induced distributions.
② Algorithm: DiSPaT — self-play with implicit critic; single tractable optimization step per iteration; no 
anomalous supervision.
③ Empirical: Consistently outperforms AnoLLM, strong classical and deep-learning baselines, and recent 
tabular AD methods across multiple datasets; ablations validate iteration depth and divergence choice.
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